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Abstract: Geostationary satellite remote sensing systems are a useful tool for forest fire detection
and monitoring because of their high temporal resolution over large areas. In this study, we
propose a combined 3-step forest fire detection algorithm (i.e., thresholding, machine learning-based
modeling, and post processing) using Himawari-8 geostationary satellite data over South Korea. This
threshold-based algorithm filtered the forest fire candidate pixels using adaptive threshold values
considering the diurnal cycle and seasonality of forest fires while allowing a high rate of false alarms.
The random forest (RF) machine learning model then effectively removed the false alarms from the
results of the threshold-based algorithm (overall accuracy ~99.16%, probability of detection (POD)
~93.08%, probability of false detection (POFD) ~0.07%, and 96% reduction of the false alarmed pixels
for validation), and the remaining false alarms were removed through post-processing using the forest
map. The proposed algorithm was compared to the two existing methods. The proposed algorithm
(POD ~ 93%) successfully detected most forest fires, while the others missed many small-scale forest
fires (POD ~ 50–60%). More than half of the detected forest fires were detected within 10 min, which
is a promising result when the operational real-time monitoring of forest fires using more advanced
geostationary satellite sensor data (i.e., with higher spatial and temporal resolutions) is used for rapid
response and management of forest fires.
Keywords: forest fire; Himawari-8; threshold-based algorithm; machine learning
1. Introduction
Forest fires can have a significant impact on terrestrial ecosystems and the atmosphere, as well
as on society in general. In order for a site to recover from a forest fire, a lot of time and effort are
required. According to the 2015 forest standard statistics, forest areas in South Korea cover 6,335,000 ha,
accounting for 63.2% of the national land. This forest-to-land ratio of South Korea is the fourth largest
among the Organization for Economic Co-operation and Development (OECD) countries [1]. Since
forests in South Korea are densely distributed, a forest fire can easily spread outwards, resulting in
huge amounts of damage. The forest growing stock of South Korea is 146 m3/ha, which is higher than
the average of OECD countries (131 m3/ha) [1]. Approximately 36.9% of forest in South Korea are
coniferous, and their growing stock reaches 172.7 m3/ha. Since coniferous forests have a large amount
of branches and leaves, those under the canopy dry easily. Thus, when a forest fire occurs, it can
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easily develop into a large one if early extinguishment fails, resulting in huge amounts of damage [2].
In 2017 in South Korea, the total area damaged by forest fires was 1,480 ha with the amount of
damage totaling 80,150,000,000 KRW (71,594,462 USD), while the number of casualties was 16 [3]. Most
forest fires that occur in South Korea are caused by anthropogenic factors and are thus unpredictable
and hard to control. To minimize forest fire damage, South Korea has been conducting forest fire
monitoring through tower systems and closed-circuit television (CCTV) [2]. An alternative to such field
monitoring is satellite-based monitoring, which can cover vast areas including inaccessible regions
with fine temporal resolution [4]. Satellite data have been widely used in forest fire management, such
as pre-fire condition management, forest fire hot spot detection, smoke detection, and burn severity
mapping [5]. Various satellite sensors have been used for forest fire detection, such as polar-orbiting
satellite sensors (Moderate Resolution Imaging Spectroradiometer (MODIS), Advanced Very High
Resolution Radiometer (AVHRR), the Landsat series, and the Visible Infrared Imaging Radiometer
Suite (VIIRS)), and geostationary satellite sensor systems (Geostationary Operational Environmental
Satellite (GOES), Spinning Enhanced Visible and Infrared Imager (SEVIRI), Communication, Ocean
and Meteorological Satellite (COMS), and Himawari-8).
Fires are typically detected through their high surface temperature, which is easily distinguishable
in mid-infrared and thermal remote sensing data [5]. One of the most widely used methods for
detecting forest fires is a simple threshold-based algorithm, which distinguishes fire pixels based
on given empirical threshold values applied to band radiance, brightness temperature (BT), or the
band ratio of specific wavelengths. However, this method produces a relatively high number of false
alarms and often misses fires because of the varied characteristics of forests, topography, and climate
between different regions [4]. Contextual algorithms, which were developed from the threshold-based
algorithm, use local maxima and other multispectral criteria based on the difference between fire
pixels and the background temperature [6–15]. Furthermore, the modeling of the fire pixel diurnal
temperature cycle (DTC), which shows a diurnal variation of the brightness temperature of the pixel,
has been also used [16–19]. Other ways to detect forest fires include using artificial neural networks
(ANN)-based modeling [20] and hierarchical object-based image analysis (OBIA), which classifies
active fire pixels using a ruleset based on image-specific object values [21]. Most existing forest fire
detection and monitoring algorithms along with their related products have been developed and
tested over Europe and the US. For example, MODIS active fire data is one of the most widely used
products for fire management in many countries [4]. However, these algorithms often produce a
very high false alarm rate in East Asia including South Korea. Collection 5 MODIS fire products
struggle to detect small fires because of the overly high global thresholds of regions such as East
Asia. Although the Collection 6 MODIS fire products slightly increased the probability of detection
(POD) ~1% [9], it is still not enough to detect small forest fires in South Korea. When we calculated the
accuracy of the Collection 6 MODIS active fire products (M*D14) in South Korea from March to May
(i.e., dry season) in 2017 (Appendix A), only 22 of the 145 forest fires were detected (POD ~ 15.2%).
In addition, 266 forest fires were falsely alarmed among the 288 MODIS-detected forest fires (false
alarm rate (FAR) ~ 92.4%). Consequently, the algorithms are not good at detecting small forest fires,
which frequently occur over rugged terrain in South Korea. Thus, there is a strong need to develop a
novel forest fire detection and monitoring algorithm suitable for South Korea.
Several studies have been conducted to develop forest fire detection algorithms focusing on fires
in South Korea. [22] developed an algorithm for detecting missed sub-pixel scale forest fires in MODIS
active fire data using a spectral mixed analysis. While it showed a POD ~ 70% and a FAR ~ 40%, it was
only tested with data in April for 2004 and 2005. [2] developed a forest fire detection model for South
Korea using the COMS Meteorological Imager (MI) data, which modifies the MODIS algorithm [8]
based on the spectral characteristics of MI. This algorithm was able to detect small-scale forest fires with
damaged areas ~1 ha at 15-min intervals, but resulted in a relatively high mis-detection rate. Another
forest fire detection method has been proposed, which is based on the negative relationship between
vegetation density and land surface temperature with a contextual approach using MODIS [23]. This
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method improves the previous MODIS contextual forest fire detection algorithm, but still has a low
temporal resolution.
In this study, we used Himawari-8 geostationary satellite data to detect and monitor forest fires in
South Korea. It is suitable for continuous forest fire monitoring and early detection because of its high
temporal resolution (<= 10 min), even though its spatial resolution is not as good as polar-orbiting
satellite sensor systems. Early detection and monitoring of forest fires are crucial to reduce damage and
save human lives and property. Recently, some researchers have used Himawari-8 to detect forest fires
over Asia and Australia using its multiple spectral bands and high temporal resolution [10,13,15,19].
These studies were based on contextual algorithms targeting large forest fires in East Asia and Australia,
which were not evaluated for detecting small fires in South Korea.
There is no official definition for small-scale forest fires in South Korea. In this study, we defined
small-scale forest fires considering the damaged areas and the spatial resolution of input Himawari-8
satellite data (4 km2 = 400 ha). Forest fires damaging areas measuring less than 8 ha (2% of the
Himawari-8 pixel size) were defined as ‘small-scale’ in this study. It should be noted that the real-time
detection of such small forest fires (<8 ha) using Himawari-8 data is possible because of the spread
of fire-induced heat and gaseous materials to the much larger surrounding area of a fire than the
damaging area recorded by the expert after the fire. Although small-scale forest fires are dominant
in South Korea, they often have a significant effect on people, infrastructure, and the environment.
Since the population density of South Korea is very high and many fires occur near farmhouses and
roads, even small-scale forest fires can result in costly damages. Thus, the detection and monitoring
of small-scale forest fires is crucial in South Korea. For example, on 19 April 2018, a small forest fire
(the damaged area ~3 ha) that occurred in Yangyang, Gangwon-do, required not only 387 firefighters
and 41 units of equipment to be mobilized, but also 9 evacuation helicopters to be dispatched to the
scene to extinguish and monitor the forest fire [24].
The forest fire detection algorithm proposed in this study consists of three steps: a threshold-based
algorithm, machine learning modeling, and post processing. First, we developed a threshold-based
algorithm optimized for detecting small forest fires in South Korea with the tradeoff of a relatively
high false alarm rate from Himawari-8 data. The proposed threshold-based algorithm adopted a
thresholding approach adaptive to corresponding satellite imagery to detect small-scale forest fires
considering the diurnal cycle and seasonality. Then, machine learning and post processing approaches
were applied to the potential fire pixels to effectively reduce false alarms. Existing threshold-based
forest fire detection algorithms often miss small forest fires, resulting in too many false alarms due
to the fixed thresholds. Our proposed approach is focused on increasing the detection of small-scale
forest fires and significantly reducing false alarms.
The objectives of this study were to (1) develop a machine learning-combined approach for
detecting small to large-scale forest fires in South Korea, (2) examine the feasibility of early detection of
forest fires based on the approach, and (3) monitor forest fires using Himawari-8 satellite data at high
temporal resolution. This study can provide a basis for the geostationary satellite-based operational
monitoring of forest fires in South Korea.
2. Data
2.1. Study Area
South Korea has an area of 10,030,000 ha, with forests covering 6,335,000 ha (about 63.2% of the
total area) [1,25]. South Korea has suffered forest fires every year especially during the spring and fall
seasons because of the large number of visitors to forests in May and October and the high frequency
of agricultural incinerations in Spring [3,26]. It belongs to the mid-latitude cold temperate region and
has a continental climate. When compared to other regions with similar latitudes, the range of annual
temperature is large. The average lowest monthly temperature is −6 to 3 ◦C, the average highest
temperature is 23 to 26 ◦C, and the annual average rainfall is 1000–1900 mm [27]. Approximately
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200–800 forest fires have occurred annually in South Korea and many of them were small-scale fires.
For example, 94% of the areas damaged by forest fires in 2017 were smaller than 1 ha [3]. Over the
last 10 years, more than 60% of forest fires have occurred in the spring season (March to May). More
than 80% of the forest fires that occurred in 2017 were caused by humans, for reasons including the
carelessness of hikers, and agricultural and waste incineration [3]. The study period is from July 2015
to December 2017 when Himawari-8 satellite data are available.
2.2. Forest Fire Reference Data
In situ forest fire occurrence data provided by the Korea Forest Service were used as reference
data in this study (Appendix B). Each forest fire case contains information about the starting and
extinguishing date/time, location (specific address), damaged area, and cause. When a forest fire
occurs in a region, the public officials in charge of the region confirm and report the fire in detail.
Damaged areas are calculated by trained forest fire experts based on visual observations, actual
measurements using Global Positioning System (GPS) survey equipment, aerial photographs, and/or
topographic maps with a scale of 1:25,000 [28]. Small forest fires damaging less than 0.7 ha of land
were not considered in this study because most of them did not show little spectral difference in the
Himawari-8 time-series data based on visual inspection of the images. It should be noted, though
that pixel radiance is affected by not only a fire, but also many other factors. Among the 114 forest
fires that resulted in damaged areas of over 0.7 ha during the study period, 64 cases that were clearly
distinguishable from the satellite data without being blocked by clouds were selected as reference
data, resulting in 2165 fire pixels and 18,085 non-fire pixels between 2015 and 2017. Note that the
non-fire pixels were randomly extracted from the forested areas from the images after excluding fire
and cloud pixels.
2.3. Himawari-8 AHI Satellite Data
Himawari-8, launched in October 2014, is the geostationary satellite sensor system operated by
the Japan Meteorological Agency (JMA), the latest line of Multifunctional Transport Satellite (MTSAT)
series. The Advanced Himawari Imager (AHI) sensor onboard Himawari-8 collects data every 10 min
as full disk images in 16 bands from visible to infrared wavelengths at a 500 m–2 km resolution,
covering from East Asia to Australia. From a monitoring perspective, geostationary satellite data with
a very high temporal resolution may be a better option than polar-orbiting satellite data even though
its spatial resolution is typically not as good. Tables 1 and 2 summarize Himawari-8 derived input
variables used in the threshold-based algorithm and machine learning modeling, respectively.
Table 1. Himawari-8 AHI-derived input variables used in the threshold-based algorithm.
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Table 2. Himawari-8 AHI bands and variables used in machine learning modeling in this study (Ch is
the radiance of each band and BT is the brightness temperature of each band).





4 0.85–0.87 0.86 1












Input variables Ch07 BT07 BT13-BT14 BT07/BT14
Ch04-Ch07 BT07-BT11 BT13-BT15 BT07/BT15
Ch05-Ch07 BT07-BT12 BT07/BT09 BT07/BT16
Ch06-Ch07 BT07-BT13 BT07/BT10 BT09/BT16
Ch07-Ch12 BT07-BT14 BT07/BT11 BT13/BT15
Ch07-Ch15 BT07-BT15 BT07/BT12
Ch12-Ch15 BT12-BT16 BT07/BT13
2.4. Land Cover Data and Forest Map
Land cover data obtained from the Ministry of Environment of South Korea was used to identify
forest areas (Figure 1). The land cover data were produced using Landsat TM images collected in
2010 and the overall accuracy is reported as 75% [29]. It has 7 classes—built-up, agricultural land,
forest, grassland, wetland, barren land and water—at 30 m resolution. The land cover map was
upscaled to 2 km corresponding to the spatial resolution of the input AHI data using a majority
filtering. Considering many forest fires occurred along roads or agricultural land in the boundaries of
forests, one pixel (2 km)-buffered areas from the forest pixels were used as the forest mask.
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Figure 1. The study area of this research (South Korea) and (a) land cover map from the Ministry
of Environment of South Korea and (b) forest region map with forest fires occurred during the
study period.
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3. Methodology
3.1. Forest Fire Detection Aalgorithm
The forest fire detection model proposed in this study consists of 3 steps. Figure 2 shows the
process flow diagram of the proposed approach. The first step is to identify the candidate pixels of
forest fires using infrared bands based on a threshold-based algorithm. The proposed threshold-based
algorithm uses multi-temporal analysis to consider the stationary heat sources and varied thermal
signals from the surface due to the diurnal cycle of forest fires. This first step tries to focus on
identifying potential fire pixels, regardless of a high false alarm rate. The following machine learning
and post-processing approaches, then, try to reduce false alarms effectively from the results of the
first step.
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machine learning, and post-processing approaches.
3.2. Threshold-Based Algorithm
To increase the probability of detection of small-scale forest fires, the threshold-based algorithm
of this study modified the existing threshold-based forest fire det ction algorithms, which used 4
and 11 µm bands [9,13], considering th c aracteristics of forest fires in South Korea. Since average
temperatures of active fires range from 800 K to 1200 K, the fires are detectable in the mid-infrared
and thermal bands with high int nsities [5]. Himawari-8 AHI band 5 (1.61 µm), 7 (3.85 µm) and 14
(11.2 µm) data were used in t e thre hold-based algorithm in this study (Table 1 .
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Figure 3 summarizes the proposed threshold-based algorithm with multiple AHI channels and
their time series. In the first condition of the threshold-based algorithm, the band 7 radiance was
used to distinguish forest fire candidate pixels. The MIR band (i.e., band 7) is effective in observing
radiative emissions from objects radiating at temperatures similar to those of forest fires [13]. Thus,
it has been used in most existing fire detection algorithms [10,11,13,15,30]. Many factors such as land
cover type, topographic characteristics, time of day, and day of the year affect the threshold [4]. Unlike
with existing algorithms, the threshold in the proposed algorithm was not fixed to better identify
small-scale forest fires. Instead, the top 7% value in the forest region buffered by one-pixel in South
Korea for each image was assigned as an adaptive threshold through multiple empirical tests. In order
to identify heat sources other than forest fires, a multi-temporal component was considered in the
threshold-based algorithm. The multi-temporal component uses the difference between the radiance
of the target image and the averaged radiance for 7 days before the target image. In this way, it can
effectively remove stationary heat sources (e.g., industrial facilities), radiometrically bright objects
(e.g., hot and reflective rooftops such as solar cells on the roof) and other unique structures such as
solar farms, which can be classified as potential forest fire pixels. The other step in the threshold-based
algorithm is cloud masking. The cloud pixels usually have a negative effect on the multi-temporal
analysis and are classified as forest fires, because clouds have high albedo or reflectance in visible and
near infrared bands [15]. As Himawari-8 has not provided a publicly available cloud mask product yet,
cloud pixels were defined by the cloud masking algorithm developed by [31]. When the operational
Himawari-8 cloud mask product is available in the future, the proposed algorithm will be able to use
the product to more effectively remove clouds from images.
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Secondly, the pixels which were classified as potential forest fire pixels in the first condition were
checked against another series of empirically selected parameters and thresholds that reflect forest
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fire characteristics (Figure 3). Shortwave infrared (1.58–1.64 µm) bands are used in cloud, sun glint
and water distinction in the existing fire detection algorithms [11]. The ratio of band 5 reflectance to
band 7 radiance was the most distinct parameter among several ratios and differences of bands based
on the reference data (forest fire vs. non-forest fire pixels). An optimum threshold for the ratio was
determined through empirical testing of multiple thresholds. Another parameter is the difference
between BTs of bands 7 and 14. The large difference between the BTs in the shortwave (3–4 µm) and
longwave (~11 µm) bands is related to fires [32]. Thus, it has been widely used in other fire detection
algorithms [9,15,33,34]. The threshold value of this parameter was also defined by empirical tests
using the reference data.
3.3. Random Forest
RF is widely used in various remote sensing applications for both classification and
regression [35–39]. RF is based on Classification and Regression Tree (CART) methodology [40],
which is a rule-based decision tree. RF adopts two randomization strategies to produce many
independent CARTs: a random selection of training samples for each tree, and a random selection of
input variables at each node of a tree [41–43]. Final output from RF is achieved through an ensemble of
individual CARTs. This ensemble approach can mitigate overfitting and the sensitivity to training data
configurations, which are major limitations of CART [44–46]. Using many independent decision trees,
RF makes a final decision by (weighted) averaging and majority voting approaches for regression and
classification, respectively. RF also provides useful information on the contribution of input variables
to the model, which is based on relative variable importance using out-of-bag (OOB) data [47–49].
OOB errors are the differences between the actual value and the decision value that is estimated using
data not used in training.
In this study, the 64 forest fire reference cases between 2015 and 2017 (2165 fire pixels and
18,085 non-fire pixels) were divided into two groups considering their damaged area, time and
location: 50 fire cases (80%; 1775 fire pixels and 15,043 non-fire pixels) to develop an RF model and the
remaining 14 cases (20%; 390 fire pixels and 3042 non-fire pixels) to validate the model.
First, a total of 191 input variables—band radiance, BT, band ratios, BT differences and BT ratios
of bands 4–16—(Appendix C) were used as the input parameters of the RF model. We used a simple
feature selection based on the relative variable importance provided by RF through iterative testing
with different sets of input variables. Finally, 26 parameters were selected (Table 2), which were used
to develop the RF model for effectively removing false alarms of forest fire detection.
3.4. Post Processing
In order to further refine forest fire detection results, additional post processing was applied.
The post processing was designed to effectively remove salt-and-pepper noise and fires from non-forest
areas. We applied a buffer to the forest boundary to effectively detect almost all forest fires that occurred
near roads or areas between agricultural land and forests (Section 2.4), but the buffered area inevitably
contains non-forest regions which results in salt-and-pepper noise (mostly fires from agricultural land
or hot spots in urban areas). We used the forest map (refer to the Ministry of Environment of South
Korea) in the post processing. If more than three out of the eight surrounding pixels of a pixel classified
as forest fire by the RF model were forest, they were then considered to be forest fire pixels. Otherwise,
the pixels were removed as non-forest area fires (e.g., agricultural fires).
3.5. Accuracy Assessment
The performance of the proposed approach was evaluated using the probability of detection
(POD; Correctly detected f orest f ire pixelsCorrectly detected f orest f ire pixels + Mis-detected f orest f ire pixels × 100), the probability of false detection
(POFD; Miss detected f orest f ire pixelsCorrectly detected non- f orest f ire pixels + Mis-detected f orest f ire pixels × 100) and the overall accuracy
(OA; Correctly detected f orest f ire and non- f ire pixelsTotal pixels × 100).
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The accuracy of the proposed algorithm was further compared to those of the two existing forest
fire detection algorithms and the Collection 6 MODIS fire products (M*D14; [9]). One is the COMS
algorithm, which was proposed by [2]. The COMS algorithm is threshold-based, and is based on the
MODIS wildfire detection algorithm using COMS MI sensor data. It classified the forest fire candidate
pixels by the two thresholds and surrounding statistical values using the 3.7 and 10.8 µm wavelength
bands of COMS MI. The other algorithm is an AHI Fire Surveillance Algorithm (AHI-FSA), which
was developed by [13]. The AHI-FSA algorithm is based on three different wavelengths (RED-band 3;
NIR-band 4; MIR-band 7) of Himawari-8 AHI sensor to detect burnt areas and smoke.
4. Results and Discussion
4.1. Forest Fire Detectioin
The forest fire detection algorithm was evaluated using 14 reference forest fire cases among a total
of 64 reference cases (Section 2.2). More than 90% of the forest fires (i.e., 46 out of 50 in calibration
cases, and 14 out of 14 in validation cases) were detected by the threshold-based algorithm, and an
additional 5 forest fires were detected which were not included in the reference data due to their small
damage areas. Although the threshold-based algorithm detected most forest fires, it resulted in a high
rate of false alarms.
The final RF model was constructed using the 26 input variables (Table 2), which were selected
based on variable importance identified by RF among over 191 variables (Appendix C). When using
both BT differences and ratios, the RF model produced higher accuracy (OA = 98.75%, POD = 89.74%,
and POFD = 0.10%) than using either one of the sets (OA = 96.44%, POD = 70%, and POFD = 0.16%
when using only BT differences; OA = 98.60%, POD = 88.97%, and POFD = 0.16% when using only BT
ratios). Many of the selected input variables were related to band 7 (MIR band), which was used in
the threshold-based algorithm. This corresponds to the literature in that the MIR band (i.e., band 7) is
sensitive to forest fire temperature [13]. BT differences and ratios between band 7 and thermal bands
were considered important variables. While the peak radiation at thermal wavelengths (8–12 µm) is
related to a normal environmental temperature, hot temperature by forest fires can be detected at a
shorter wavelength than the Earth’s surface, especially 3–4 µm (band 7) [5]. The large BT difference
between the shortwave (3–4 µm) and thermal bands can be observed in fire pixels, and thus the
BT difference has been used in other fire detection algorithms [9,15,33,34]. High radiance values of
band 5 are related to near the center of fires [12], and 2.2 µm (band 6) wavelength is sensitive to
hot targets [50]. The NIR (0.846–885 µm; band 4) and the shortwave infrared (1.58–1.64 µm; band 5)
regions are used to discriminate cloud, sun glint and water in the fire detection algorithm [9,11]. The
reflectance values of band 4 are used to remove highly reflective surface and sun glint characteristics
from non-fire pixels [30]. These wavelengths (bands 4–6) are also used in existing wildfire detection
algorithms [11,12,50].
Figure 4 summarizes the relative variable importance of the selected 26 input variables provided
by the RF model. The difference between bands 5 and 7 was identified as the most contributing
variable to the model, followed by the difference between bands 6 and 7, and that between bands
4 and 7. The BT ratios and differences between bands 13 (10.45 µm) and 15 (12.35 µm) were also
identified as contributing variables. These variables are known to be effective for separating active
fires from fire-free background [11,30]. The usefulness of Himawari-8 AHI sensor data for forest fire
detection is largely unassessed because of the relatively young age of the sensor and the minimal
existing published work [17]. Thus, it is desirable to test various variable combinations to find an
optimum set of Himawari-8 derived input variables for forest fire detection.
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Figure 4. Variable importance for removal of false alarms using the RF model. Increase of mean
squared error (MSE) was calculated using out of bag (OOB) data. More detailed information about the
increase of MSE%) is given in Section 3.3.
Table 3 shows the accuracy assessment results of the RF model using the calibration and validation
data. The RF model resulted in 100% training accuracy. The validation accuracy was also high
(OA = 99.16%, POD = 93.08%, and POFD = 0.07%) with 27 forest fire pixels (7% of reference forest fire
pixels) being classified as non-fire pixels. From this result, one of the 14 forest fires (validation cases)
detected by the threshold algorithm were removed after the RF model was combined. Figure 5 shows
that the RF model effectively removed false alarms for the validation forest fire cases (Figure 5b,f)
when compared to the results of the threshold-based algorithm (Figure 5a,e,i,m). However, a few false
alarms (Figure 5j,n) still remained. For the validation cases, about 96% of the false alarmed pixels from
the thresholding results were successfully removed by RF.
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Figure 5. The maps of detected forest fires after each step: the threshold-based algorithm (a,e,i,m),
RF modeling (b,f,j,n), and post processing (c,g,k,o) and the MODIS active fire data (M*D14; d,h,l,p).
(1) the forest fire (Suncheon-si, Jeonnam; from 13:13 to 16:00 (KST) on 19th October 2015) occurred by
shaman rituals with the damaged area ~1 ha (a,b,c,d); (2) the forest fire (Andong-si, Gyeongbuk; from
13:10 to 15:20 (KST) on 28th February 2017) occurred due to an unknown reason with the damaged
area ~0.8 ha (e,f,g,h); (3) forest fire (Yeongcheon-si, Gyeongbuk; from 15:13 to 18:30 (KST) on 11th
March 2017) occurred due to the incineration of agricultural waste with the damaged area ~5.2 ha
(i,j,k,l); and (4) the forest fire (upper; Gangneung-si, Gangwon; from 15:32 on 6th to 6:34 (KST) on
9th May 2017) occurred for an unknown reason with the damaged area ~252 ha and the forest fire
(lower; Yeongdeok-gun, Gyeongbuk; from 14:45 on 7th to 7:00 (KST) on 8th May 2017) occurred due to
a cigarett with the damaged area ~5.9 ha (m,n, , . e red dots are the potential forest fire pixels
detect d by the pro osed algorithm, pink circles sho r st fire cases from the r f rence data,
black dots are th poten ial forest fire pixels detected by t i 6 MODIS active fire d ta, blue
circles show actual forest fire case which were not match it i a ari-8 target time, and the
band 7 radiance of Himawari-8 AHI of each image is used as a background image. These five forest
fire cases of four dates come from the validation data, which were not used in training of the RF model.
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Table 3. Accuracy assessment results of best combinations of RF based on variable importance.
(OA = Overall accuracy (%); POD = Probability of detection (%)).
Reference
Fire No fire Sum




Non-fire 0 15,043 15,043
Sum 1775 15,043 16,818




Non-fire 27 3040 3067
Sum 390 3042 3432
Finally, after the post processing using the forest region map, 13 of the 14 forest fires (validation
cases) were detected using the 3-step forest fire detection algorithm, and an additional 5 small-scale
forest fires (damaged areas were 0.02–0.3 ha), which were not included in the reference data, were
detected. About 64% of the remaining false alarms were further removed by incorporating the post
processing with the results of the threshold-based and RF approaches. Among 50 calibration forest fire
cases, two forest fires were removed when the post-processing was applied. The location of these two
fire cases were very close to the dense urban areas, and thus, removed due to the coarse resolution
of the AHI images. In addition, since the forest map used in this study is not 100% accurate, there
might be false alarms or mis-detection of forest fires caused by using the map. Nonetheless, the post
processing based on the forest map resulted in an increase in POD and a decrease in false alarms.
If more accurate and higher resolution forest data can be used, the performance of the proposed
approach could be further enhanced.
The final results of forest fire detection were compared to two existing algorithms (refer to
Section 3.5; Table 4). Among 14 validation forest fires, 13 forest fires were detected using the proposed
approach, while 7 and 8 forest fires were detected by the COMS algorithm and the AHI-FSA algorithm,
respectively (Table 4). Among the 12 validation small-scale forest fires (damaged area < 8 ha), 11 forest
fires were detected using the proposed 3-step algorithm, while 5 and 6 forest fires were detected
by the two existing algorithms respectively. The POD of the proposed 3-step algorithm was higher
than the two existing algorithms. Two of the five additional small-scale forest fires detected by the
proposed approach were also detected by the AHI-FSA algorithm. However, none of them was
detected by the COMS algorithm. This implies that the proposed approach works well for small-scale
fires when compared to the existing algorithms. The same Himawari-8 AHI sensor was used to detect
the same forest fire cases, but the algorithm proposed in this study detected the forest fires better
than the AHI-FSA algorithm. The final results of the proposed 3-step algorithm were also compared
to the Collection 6 MODIS fire products (Figure 5d,h,l,p). Among 14 validation data, 6 forest fires
(5 small-scale forest fires) were detected by MODIS. Among 8 forest fires which were not detected by
MODIS, 3 forest fires were not detected because MODIS didn’t pass at the time of forest fires. This
implies that the use of geostationary satellite data has great potential in the real time monitoring of
forest fires.
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Table 4. The number of detected forest fire and the detection rate of the proposed 3-step algorithm,
the COMS algorithm, and the AHI-FSA algorithm.




detected forest fire 13 7 8
Detection rate 93% 50% 57%




detected forest fire 11 5 6
Detection rate 92% 42% 50%
We further applied the 3-step algorithm to the Himawari-8 data collected from January to February
in 2018 (i.e., more recent than the research period used in the study), and the results were compared to
the Collection 6 MODIS active fire data (Table S1). Among new 18 reference forest fires, 12 forest fires
were detected using the proposed approach (the detection rate was 66.7%), while 6 forest fires were
detected by the Collection 6 MODIS active fire data (the detection rate was 33.3%). Among detected
12 forest fires, 9 forest fire cases were clearly detected without false alarms. Four of the 6 undetected
forest fires were detected by the threshold-based algorithm, but they were excluded when the RF
model was applied. The relatively lower detection rate of the proposed model when compared to
its results for the previous years can be explained by the fact that only a few training samples from
January and February were used to train the model. The detection rate can increase when the RF
model is improved with more training data. Please note that forest fires in other months in 2018 were
not tested because Himawari-8 time-series data were not always available to the public. The proposed
3-step algorithm was also applied to the East Asia and it detected reference fires well (pink circle in
Figure S1) and compared with the Collection 6 MODIS active fire data (M*D14). We got the information
about the reference forest fires in China from the website of the China Forest Fire Management [51].
The first forest fire (Figure S1b,c; [52]) was detected by both 3-step algorithm (Himawari-8 target time
was 17:50 (UTC)) and MODIS/Aqua active fire data (passing time was 17:55 (UTC)). The second forest
fire (Figure S1d,e; [53]) was detected by 3-step algorithm (Himawari-8 target time was 18:30 (UTC))
but not by MODIS/Aqua active fire data (passing time was 18:30 (UTC)). Other forest fires detected by
the 3-step algorithm and MODIS data have no reference data, and thus, their accuracy is unknown.
4.2. Monitoring of Forest Fires
Since time series data with a 10 min interval (Himawari-8 AHI sensor) were used, the lead time
on how early the proposed algorithm detected fires was examined. Among the 52 forest fires detected
by the proposed approach, shows the number of forest fires with respect to initial detection time,
and 25 forest fires were detected within 10 min after fires occurred and 39 forest fires were detected
within 30 min. The Samcheok forest fire, which is the largest forest fire from the reference data (i.e.,
the damaged area was 765.12 ha and the duration was longer than 3 days), and other forest fires (with
a damaged area range from 0.8 to 252 ha) were detected within 10 min. This shows that detection
is generally possible within a short period of time after a forest fire has broken out. The average
initial detection time using the proposed approach was about 24 min (median value was 20 min).
The averaged initial detection time increased due to several forest fires with detection times of more
than 30 min. There was no significant correlation between the initial detection time and the starting
time, location, and size of the forest fires. When we carefully examined the high resolution Google
Earth images before and after the forest fires, many late-detected (with the initial detection time of
longer than 30 min) forest fires had little difference between the before and after images, which implies
that the forest fires occurred mostly under the canopy and did not show significant difference in
remotely sensed images at the canopy level during the initial period of fires. It should be noted that
Himawari-8 can scan the focus area including Japan and Korea about every 2 min, and thus, there is a
greater chance of reducing the initial detection time in the future using more dense time series data.
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Figure 6. Forest fire in Yeongju-si, Gyeongbuk and Geostationary Ocean Color Imager (GOCI) image
on the 4th March 2017. The fire monitoring results from 6:00 to 7:20 UTC by the proposed algorithm
(red and blue dots) are shown with the band 7 radiance of Himawari-8 AHI as the background.
4.3. Novelty and Limitations
This study proposed an integrated approach for the detection of small to large-scale forest fires in
South Korea. The proposed algorithm detected forest fires in South Korea better than the other two
existing algorithms, especially for small-scale forest fires. The proposed approach consists of three steps.
In the threshold-based algorithm, as the first step, an adaptive thresholding approach was adopted
for each image considering the diurnal cycle and seasonality, unlike the existing threshold-based
algorithm. While the first step resulted in very high POD and false alarms, the following RF model
and post processing effectively removed the false alarms (Figure 5). In particular, the post processing
using the forest map and the filtering approach was very useful for South Korea, which has a complex
and rugged terrain with small patches of land cover. This study showed promising results that more
advanced geostationary satellite sensor systems with higher spatial (<1 km) and temporal (~few
minutes) resolutions can be used to monitor even small forest fires, i.e., less than 1 ha. Since high
temporal resolution geostationary satellite data are used in the proposed approach, the early detection
and spreading direction of fires can be identified by the monitoring results (Figure 6), which can be
used to provide appropriate information for rapid response. [54] calculated a wildfire spread rate and
burned area using Himawari-8 satellite data and active fire data developed by [15]. They defined
the burned area and fire center using active fire data. This method demonstrates Himawari-8 data is
useful for computing the fire spread rate. The burned area mapping and fire spread rate calculation
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can be combined with active fire data produced by our proposed 3-step algorithm to better manage
forest fires. When approximately two-minute interval images by Himawari-8 or Geo-Kompsat-2A
(GK-2A) satellite sensor systems (rapid scan mode; GK2 satellite successfully launched on 5 December
2018) are available, the proposed approach can contribute to faster initial detection and monitoring of
forest fires.
However, there are some limitations in this study. First, clouds are always problematic when
optical sensor data are used, as is the case in the proposed approach. Second, adaptive threshold
values in the threshold-based algorithm might not work well for very small fires when large forest fires
occur at the same time. Local tuning of the adaptive thresholding should be conducted before applying
the proposed approach to different areas. Providing a certain range of the thresholds might improve
the performance of forest fire detection. Third, although the RF model showed good performance in
reducing false alarms, it did not detect a few forest fires. Such mis-detection by the RF model can be
improved by using additional forest fire and non-forest fire samples for training because the RF model
is an empirical model, and requires new training when applied to different areas. Although the locally
optimized algorithm has the disadvantage of being a time-consuming process, it can produce high
accuracy in the target study area. Fourth, two forest fires were not detected and were removed by the
post processing because they were not included in the forest map. Considering the complex terrain
and patched land cover in the small size of South Korea, a more precise forest map with a higher level
of accuracy can mitigate such a problem. Finally, very small forest fires (i.e., damaged areas less than
0.7 ha) are hard to detect due to the limitation of spatial resolution of input geostationary satellite data.
Higher spatial resolution (e.g., 500 m) thermal data from geostationary satellite sensor systems than
Himawari-8 may further improve the detection of very small forest fires especially from an operational
forest fire monitoring perspective in South Korea where small-scale forest fires frequently occur.
5. Conclusions
In this study, a combined 3-step algorithm (threshold-based algorithm, RF model, and post
processing) was proposed to detect and monitor forest fires in South Korea using Himawari-8
geostationary satellite data. Existing forest fire detection algorithms using satellite data are not
used in the operational monitoring system in South Korea due to the high rate of false alarms,
mis-detection of small-scale forest fires, and the low temporal resolution of satellite data. This proposed
3-step algorithm using geostationary satellite data provides a basis for use in the operational forest
fire monitoring system. The early detection and spreading direction of fires using high temporal
resolution of geostationary satellite data enables efficient rapid response. The active fire data resulting
from the 3-step algorithm can be used to calculate the size of the burned area and fire spread
rates. Such information is of great help for efficient forest fire monitoring, extinguishment, and
recovery management. Although the 3-step algorithm proposed in this study is locally optimized,
it is necessary to effectively detect and monitor forest fires in a study area such as South Korea, where
the environmental characteristics are unique in terms of land cover, topography, and climate. This
algorithm can be extended to the rest of East Asia after refining all three steps (i.e., tuning adaptive
threshold values, RF modeling with additional samples, and post-processing using a fine resolution
forest map of East Asia).
More than half of the detected forest fires were detected within 10 min, which is a promising
result when the operational real-time monitoring of forest fires using more advanced geostationary
satellite sensor data is considered for the rapid response and management of forest fires. The algorithm
proposed in this study can be optimized and used for the Geo-Kompsat-2 Advanced Meteorological
Imager (AMI), a new geostationary meteorological satellite, which was successfully launched on 4th
December 2018 by the Korean Meteorological Administration. The satellite has similar specifications
to the Himawari-8 AHI sensor, and provides data every 10 min in full disk, and approximately every
2 min in the focusing area around the Korean peninsula, which can be useful for continuous forest fire
detection and monitoring.
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2nd March 0 1 0 1 0
4th March 1 14 0 14 1
5th March 0 4 0 4 0
6th March 0 2 0 2 0
7th March 0 13 0 13 0
8th March 1 0 0 0 1
9th March 2 6 1 5 1
10th March 8 4 0 4 8
11th March 7 12 5 7 2
12th March 3 1 0 1 3
13th March 2 7 0 7 2
14th March 3 11 0 11 3
15th March 4 2 1 1 3
16th March 5 6 0 6 5
17th March 4 4 0 4 4
18th March 2 4 1 3 1
19th March 10 4 1 3 9
21st March 1 4 0 4 1
22nd March 1 3 0 3 1
23rd March 2 1 0 1 2
26th March 1 0 0 0 1
27th March 1 2 0 2 1
28th March 1 0 0 0 1
29th March 3 0 0 0 3
30th March 3 7 0 7 3











1st April 1 1 0 1 1
3rd April 1 13 0 13 1
4th April 6 2 0 2 6
5th April 1 0 0 0 1
6th April 0 1 0 1 0
7th April 1 3 0 3 1
8th April 1 4 0 4 1
9th April 0 2 0 2 0
10th April 3 3 0 3 3
11th April 0 1 0 1 0
12th April 2 4 1 3 1
13th April 4 1 0 1 4
15th April 1 2 0 2 1
19th April 0 14 0 14 0
21th April 0 1 0 1 0
22th April 1 1 0 1 1
23th April 3 2 0 2 3
24th April 1 8 1 7 0
26th April 3 4 0 4 3
27th April 2 0 0 0 2
28th April 3 16 1 15 2
29th April 3 2 0 2 3
30th April 6 7 1 6 5
1st May 1 3 0 3 1
2nd May 1 4 0 4 1
3rd May 5 7 1 6 4
4th May 1 0 0 0 1
5th May 1 3 0 3 1
6th May 6 2 2 0 4
7th May 4 10 2 8 2
8th May 3 2 0 2 3
9th May 1 0 0 0 1
11th May 0 1 0 1 0
14th May 0 14 0 14 0
15th May 0 1 0 1 0
17th May 0 4 0 4 0
18th May 0 1 0 1 0
19th May 1 5 1 4 0
20th May 1 2 1 1 0











21th May 3 3 1 2 2
23th May 0 2 0 2 0
24th May 0 2 0 2 0
25th May 1 1 0 1 1
26th May 2 4 0 4 2
27th May 2 2 0 2 2
28th May 1 10 1 9 0
29th May 1 0 0 0 1
30th May 2 1 0 1 2
Total 145 288 22 266 123
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Appendix C
List of 191 input variables—band radiance, BT, band ratios, BT differences and BT ratios of bands
4–16—which were used for identifying input data to the RF model.
Band radiance (13)
Ch04 Ch05 Ch06 Ch07
Ch08 Ch09 Ch10 Ch11
Ch12 Ch13 Ch14 Ch15
Ch16
Band ratios (78)
Ch04/Ch05 Ch04/Ch06 Ch04/Ch07 Ch04/Ch08
Ch04/Ch09 Ch04/Ch10 Ch04/Ch11 Ch04/Ch12
Ch04/Ch13 Ch04/Ch14 Ch04/Ch15 Ch04/Ch16
Ch05/Ch06 Ch05/Ch07 Ch05/Ch08 Ch05/Ch09
Ch05/Ch10 Ch05/Ch11 Ch05/Ch12 Ch05/Ch13
Ch05/Ch14 Ch05/Ch15 Ch05/Ch16
Ch06/Ch07 Ch06/Ch08 Ch06/Ch09 Ch06/Ch10
Ch06/Ch11 Ch06/Ch12 Ch06/Ch13 Ch06/Ch14
Ch06/Ch15 Ch06/Ch16
Ch07/Ch08 Ch07/Ch09 Ch07/Ch10 Ch07/Ch11
Ch07/Ch12 Ch07/Ch13 Ch07/Ch14 Ch07/Ch15
Ch07/Ch16
Ch08/Ch09 Ch08/Ch10 Ch08/Ch11 Ch08/Ch12
Ch08/Ch13 Ch08/Ch14 Ch08/Ch15 Ch08/Ch16
Ch09/Ch10 Ch09/Ch11 Ch09/Ch12 Ch09/Ch13
Ch09/Ch14 Ch09/Ch15 Ch09/Ch16
Ch10/Ch11 Ch10/Ch12 Ch10/Ch13 Ch10/Ch14
Ch10/Ch15 Ch10/Ch16
Ch11/Ch12 Ch11/Ch13 Ch11/Ch14 Ch11/Ch15
Ch11/Ch16





BT07 BT08 BT09 BT10
BT11 BT12 BT13 BT14
BT15 BT16
BT differences (45)
BT07-BT08 BT07-BT09 BT07-BT10 BT07-BT11
BT07-BT12 BT07-BT13 BT07-BT14 BT07-BT15
BT07-BT16
BT08-BT09 BT08-BT10 BT08-BT11 BT08-BT12
BT08-BT13 BT08-BT14 BT08-BT15 BT08-BT16
BT09-BT10 BT09-BT11 BT09-BT12 BT09-BT13
BT09-BT14 BT09-BT15 BT09-BT16
BT10-BT11 BT10-BT12 BT10-BT13 BT10-BT14
BT10-BT15 BT10-BT16
BT11-BT12 BT11-BT13 BT11-BT14 BT11-BT15
BT11-BT16
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BT ratios (45)
BT07/BT08 BT07/BT09 BT07/BT10 BT07/BT11
BT07/BT12 BT07/BT13 BT07/BT14 BT07/BT15
BT07/BT16
BT08/BT09 BT08/BT10 BT08/BT11 BT08/BT12
BT08/BT13 BT08/BT14 BT08/BT15 BT08/BT16
BT09/BT10 BT09/BT11 BT09/BT12 BT09/BT13
BT09/BT14 BT09/BT15 BT09/BT16
BT10/BT11 BT10/BT12 BT10/BT13 BT10/BT14
BT10/BT15 BT10/BT16
BT11/BT12 BT11/BT13 BT11/BT14 BT11/BT15
BT11/BT16
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